This paper reports an attempt in improving surface soil moisture radar algorithm for Hydrosphere State Mission (Hydros). We used a Radiative Transfer Model to simulate a wide range surface dielectric, roughness, vegetation with random orientated disks database for our algorithm development under HYDROS radar sensor (L-band multipolarizations and 40º incidence) configuration. Through analyses of the model simulated database, we developed a technique to estimate surface soil moisture. This technique includes two steps. First, it decomposes the total backscattering signals into two components -the surface scattering components (the bare surface backscattering signals attenuated by the overlaying vegetation layer) and the sum of the direct volume scattering components and surfacevolume interaction components at different polarizations. From the model simulated data-base, our decomposition technique works quit well in estimation of the surface scattering components with RMSEs of 0.12, 0.25, and 0.55 dB for VV, HH, and VH polarizations, respectively. Then, we use the decomposed surface backscattering signals to estimate the soil moisture and the combined surface roughness and vegetation attenuation correction factors with all three polarizations. Test of this algorithm using all simulated data showed that an accuracy for the volumetric soil moisture estimation in terms of Root Mean Square Error (RMSE) of 4.6 % could be achievable.
INTRODUCTION
Soil moisture is a key parameter in numerous environmental studies, including hydrology, meteorology, and agriculture. It plays an important role in the interactions between the land surface and the atmosphere, as well as the partitioning of precipitation into runoff and ground water storage. Therefore, the spatial and temporal dynamics of soil moisture are important parameters for various processes in the soil-vegetation-atmosphere-interface. In spite of its importance, soil moisture has not found a widespread application in the modeling of hydrological and biogeochemical processes and related ecosystem dynamics, in part because soil moisture is a difficult parameter to measure on a large area, cost-effective, and routine basis. However, recent advances in microwave remote sensing have demonstrated the potential to measure soil moisture quantitatively on bare and short vegetated surfaces. During past years, investigations have established the fundamentals of microwave remote sensing as an important tool in determining physical properties of soil. The ability to estimate soil moisture in the surface layer to an approximately 5 cm depth by microwave remote sensing has been demonstrated under a variety of the topographic and land cover conditions The Hydrosphere State Mission (Hydros) with both Active/Passive L-band instruments has been approved by NASA for monitoring global soil moisture and freeze/thraw 2 . The Hydros instrument is designed for a 670-km circular, Sun-synchronous orbit, with equator crossings at 6 am and 6 pm local time. The instrument combines radar and radiometer subsystems that share a single feedhorn and parabolic mesh reflector. The radar operates with VV, HH, and HV transmit-receive polarizations, and uses separate transmit frequencies for the H (1.26 GHz) and V (1.29 GHz) polarizations. The radiometer operates with V, H and U (third Stokes parameter) polarizations at 1.41 GHz. The reflector is offset from nadir and rotates about the nadir axis at 14.6 rpm, providing a conically scanning antenna beam with a surface incidence angle of approximately 40°. The reflector diameter is roughly 6 m, providing a radiometer footprint of approximately 40 km defined by the one-way 3-dB beamwidth. The two-way 3-dB beamwidth defines the real-aperture radar footprint of 30 km. The swath width of 1000 km provides global coverage within 3 days at the equator and 2 days at boreal latitudes (>50° N or S). To obtain the desired 3-km spatial resolution, the radar employs range and Doppler discrimination. Details of the Hydros mission and instrument design are provided in 2 .
However, natural variability and the complexity of the vegetation canopy and surface roughness significantly affect the sensitivity of radar backscattering to soil moisture. Backscattering signals from vegetated areas is a function of water content and its spatial distribution as determined by vegetation structure and underlying surface conditions. It is clear that vegetation cover will cause an under-estimation of soil moisture and an over-estimation of surface roughness when we apply the algorithm for bare surface to vegetation covered regions. This study investigates the techniques to estimate surface soil moisture of bare and short vegetated surfaces that we considered as the random orientated disks. The radiative transfer model that we use to simulate the database for algorithm development will be shown in next section. In section 3, we demonstrate a decomposition technique that can be used to estimate surface backscattering signals. In section 4, we show the algorithm developments.
NUMERICAL SIMULATION
Commonly, the radar backscattering coefficient from vegetated surfaces can be described as a three components model
where F v is the vegetation fraction cover. The subscripts p and q indicate the polarization. The superscripts t, v, sv, and s indicate the total, volume scattering, surface-volume scattering interaction, and ground surface scattering terms, respectively.
are the double pass the attenuation factor, respectively. 
Surface backscattering simulations
The Integral Equation model (IEM) 3, 4 for predicting backscattering coefficients for the random rough surfaces has been tested in many studies including comparisons with the Monta Carlo simulated data 4, , laboratory controlled experiments 2 , truck-mounted scatterometer data 5 , and SIR-C/AIRSAR data 6 . The confidences can be generally achieved in predicting L-band co-polarized backscattering signals of a random rough surface. The RMSE are commonly within 2 dB for backscattering 3 when the surface roughness can be well characterized.
In contrast to IEM predictions for co-polarized backscattering coefficients, the confidence in predicting the crosspolarized signals are commonly poor. The significant under-estimation by the theoretical models including IEM model have been commonly found in comparison with truck-mounted scatterometer and SAR (airborne and spaceborne) measurements. However, an alternative approach to predict the cross-polarization signals of the bare surfaces is to use the semi-empirical models. Currently, there are three semi-empirical models developed by Oh et al., using the experiment data of the ground scatterometers from three experiment sites, airborne (AIRSAR), and SIR-C image data also from three experiment sites 7, 8, 9 . The instrument parameters are mainly included polarimetric L-, C-, and X-band with incidence from 10º to 70º. The ground measurements also covered a large range of soil surface properties with soil volumetric moisture from 3% to 35% and rms height from 0.3 cm to 3 cm. These semi-empirical models describe the relative relationship between the cross-polarization VH and one of the co-polarization VV as a function of the incidence angle, frequency, the surface reflectivity and roughness parameter -rms height. They represented in the form of q or VH/VV ratio and given as Recently, we evaluated above semi-empirical models using the independent measurements 10 from DLR's airborne soil moisture experiment data in March, 2000 in German. It was found that the above semi-empirical models -relative relationships between crosspolarization and co-polarization was quit well established. Therefore, we can simulate the bare surface cross-polarization signals with the known VV polarization signals.
Through our analyses of L-band data that used the ground measurements to obtain q parameters and VV polarization as a known or input value either from the SAR measurements or from IEM model predictions, we found that, in general, (2a) resulted in a best result with RMSE 1.6 dB. However, it slightly under-estimates in most of the cases, (2b) resulted in an under-estimation, and (2c) resulted in an overestimation. The best fitting, however, is from the average q of all three semi-empirical models. Figure 1 shows the comparison of the measured (x-axis) and predicted (y-axis) VH polarization signals with VV polarization from the SAR measurements in (A) and that from IEM model prediction in (B). The average q from the equations (2a-c) is calculated from the field measurement data. As we can see that both tests show an extremely well agreement with SAR measurements. The RMSEs are 1.22 dB and 1.27 dB, respectively. Therefore, it is possible to simulate the bare surface cross-polarization signals by using IEM model to simulate co-polarization signals and then by using above semi-empirical model to simulate the cross-polarization signals.
The Oh's semi-empirical model does provide an alternative approach to simulate the cross-polarization signals. Our evaluation shows that a very good agreement can be achieved by using this model. Therefore, it is possible to simulate surface multi-polarization signals with co-polarization from IEM and cross-polarization from the semiempirical model realistically.
Vegetation backscattering simulations
Due to complexity of the architecture of the canopy in terms of the shapes and sizes of the scattering elements relative to wave length, In many cases, a single layer and uniform-canopy assumption may not be adequate. One of the possible solutions to this problem is to determine the backscattering contribution of each major canopy constituent (leaves, stalks, or trunks) separately and then add them incoherently. Generally, we divided the canopy constituents into two major classes. One represents the leaves that described as the random orientated disks. This model is appropriate for the type of vegetation with the canopy structures dominated by leaves and may be applied to the short vegetation canopies such as soybeans, alfalfa, and clover (Dobson et al., 1986a ). The other is for stalks or stems with the vertical orientated cylinders. In this study, we selected a semi-empirical model that developed for random orientated disks ). This semi-empirical model developed by generating approximate expressions for the individual 2) terms by fitting the values calculated using exact formation of the model (including multi-scattering). For the direct volume backscattering and surface-volume interaction term, they are given by respectively. Where ω is single scattering albedo. ks is the normalized surface rms height. r v and r h are surface reflectivity for flat surface.
Numerical simulations
For algorithm development, we first established a model simulated data-base using a radiative transfer model with consideration of fraction cover of vegetation cover within a pixel. For the surface scattering components, it uses the IEM model [1] with the random rough surface assumption to simulate the wide range of soil moisture and roughness conditions for co-polarized signals and the Oh's semi-empirical model [2] to the depolarization factor VH/VV of the surface backscattering, then the crosspolarized signals can be obtained using IEM simulated VV polarization signals. For the direct vegetation volume scattering and surface-volume scattering components, we simulated with randomly orientated disk [3] with the maximum of optical thickness and single scattering albedo up to 0.5 and 0.2, respectively. Table 1 summarizes the parameters of vegetation and ground that used to generate the simulated data-base. From top to bottom, they are VV, HH, and VH polarizations, respectively. We can see that the effects of vegetation differ at the different polarization for the same vegetation parameter. From VV, HH to VH polarizations, the vegetation contribution to the total signal increases. In comparison VV and HH polarizations, it is mainly resulted from the surface-volume interaction term that has the characteristics of HH > VV. For VH, it is due to surface scattering does not generate significant cross-polarization signal. VH polarization measurements mainly reflect the vegetation information.
In terms of the estimating surface soil moisture, the surface scattering component has the maximum sensitivity to soil moisture and is actual information needed for soil moisture retrieval. The signals from the direct volume scattering components and surface-volume interaction components have vegetation information but they are the noise signals for soil moisture estimation. We can see that the depolarization factor is proportional to the direct volume scattering contribution (left) and inversely relates the surface scattering contribution (right) in total backscattering signals in both VV and HH polarization. Their relationships can be further improved by the sum of the volume scattering and surface-volume scattering contributions (middle). This is because the cross polarization signals are mainly generated by the volume scattering and surface-volume interaction scattering terms. The cross polarization signals from surface scattering are, generally, very small. The Figure 3 . the relationships between the depolarization factor (as x-axis) and the direct volume, the sum of the direct volume and surface-volume interaction, and surface contributions (left to right) in VV polarization (top) and HH polarization (bottom) correlation is better described in VV polarization than that in HH polarization due to the differences in the surfacevolume interaction terms in these two polarizations.
TECHNIQUES TO DECOMPOSE SCATTERING COMPONENT
From Figure 3 , we can see that the depolarization factor VH/VV and VH/HH are inversely represents the surface backscattering contributions in the total backscattering, especially for VV polarization. Even using a linear regression, the surface scattering components can be roughly estimated. In order to improve the decomposition accuracy, we carried out the regression analyses using the simulated data-base. It was found that the surface scattering contribution in each polarization can be better estimated by
is the surface scattering contribution in the total backscattering signals for polarization pp.
The coefficients a, b, c, d, e, f, and g differ for VV and HH. For VH polarization, it is written as Figure 4 compares the input surface scattering signals (x-axis) with that the estimated surface scattering signals (y-axis) from the simulated total backscattering coefficients using above technique. From top to bottom of the plots, they represent that in VV, HH, and VH polarizations. The corresponding RMSE are 0.12, 0.25, and 0.55 dB for VV, HH, and VH, respectively. They indicate the surface scattering signals can be well estimated for the co-polarizations (VV and HH). However, the less accuracy is expected for VH polarization since its sensitivity to the surface scattering is small in this polarization. 
ESTIMATION SOIL MOISTURE OF VEGETATED SURFACE
In our evaluation of the bare surface backscattering coefficients simulated by IEM, we find it can be written as pq B pq pq s pq
Sr pq is the roughness parameter that depending on the polarization, incidence angle, surface RMS height, correlation length. It represents an overall effect of the surface roughness. B pq is a parameter that mainly depends incidence angle (5) (6) for the incidence < 45°. At 40º incidence, B vv =0.97, B hh =1.1, and B vh =0.8. At higher incidence, the surface roughness start to have a significant effect on the B pq parameter, especially for HH polarization. R pq represents the surface reflectivity and can be written as is only dependent on the surface dielectric properties and incidence angle for incidence < 45°.
For vegetated surfaces, the surface scattering component can be described as: Using the simulated surface backscattering term in Eq (7), we first carried out the regression analysis for estimation of hh CF . It was found that this parameter could be fairly well estimated with the second-order form: RMSEs are 14.9 % and 5.7 % for estimation of hh CF and soil moisture, respectively. This is because the second-order inversion form is very sensitive the noise. Due the error introduced in the decomposition processes (estimation of the surface scattering signals), it has a significant effect on the soil moisture estimation. CF region, we only used VV and HH polarizations in Eq (11) due to VH signals are very small. For the rest of two regions, the last term in Eq (11) was also excluded since it contains the largest error in the estimated surface scattering components. Figure 6 shows the histogram of the relative error in % for the estimated hh CF (left) and the absolute error in % for estimated volumetric soil moisture (right) by this improved technique. The RMSEs are 9.5 % and 4.6 % for estimation of hh CF and soil moisture, respectively. It can be see that the accuracies in estimations of the correction factor and soil moisture can be significantly improved. 
SUMMARY
Through analyses of the model simulated database, we developed a technique to estimate surface soil moisture. This technique includes two steps. First, it decomposes the total backscattering signals into two components -the surface scattering components (the bare surface backscattering signals attenuated by the overlaying vegetation layer) and the sum of the direct volume scattering components and surface-volume interaction components at different polarizations. From the model simulated data-base, our decomposition technique works quit well in estimation of the surface scattering components with RMSEs of 0.12, 0.25, and 0.55 dB for VV, HH, and VH polarizations, respectively. Then, we use the decomposed surface backscattering signals to estimate the soil moisture and the combined surface roughness and vegetation attenuation correction factors with all three polarizations. Test of this algorithm using all simulated data showed that an accuracy for the volumetric soil moisture estimation in terms of Root Mean Square Error (RMSE) of 4.6 % could be achievable.
